Variations in the human genome have been found to be an essential factor that affects susceptibility to Alzheimer's disease. Genome-wide association studies (GWAS) have identified genetic loci that significantly contribute to the risk of Alzheimers. The availability of genetic data, coupled with brain imaging technologies have opened the door for further discoveries, by using data integration methodologies and new study designs. Although methods have been proposed for integrating image characteristics and genetic information for studying Alzheimers, the measurement of disease is often taken at a single time point, therefore, not allowing the disease progression to be taken into consideration. In longitudinal settings, we analyzed neuroimaging and single nucleotide polymorphism datasets obtained from the Alzheimer's Disease neuroimaging initiative for three clinical stages of the disease, including healthy control, early mild cognitive impairment and Alzheimer's disease subjects. We conducted a GWAS regressing the absolute change of global connectivity metrics on the genetic variants, and used the GWAS summary statistics to compute the gene and pathway scores. We observed significant associations between the change in structural brain connectivity defined by tractography and genes, which have previously been reported to biologically manipulate the risk and progression of certain neurodegenerative disorders, including Alzheimer's disease.
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(2020) 10:1433 | https://doi.org/10.1038/s41598-020-58291-1 www.nature.com/scientificreports www.nature.com/scientificreports/ Stein et al. 11 used the T1 weighted Magnetic Resonance Imaging (MRI) scans from the Alzheimer's Disease Neuroimaging Initiative (ADNI) 12 and developed a voxel-based GWAS method (vGWAS) that tests the association of each location in the brain (each voxel), with each SNP. To quantify the phenotype, they used the relative volume difference to a mean template at each voxel, and their method, vGWAS, can be applied to other brain maps with coordinate systems. Although vGWAS did not identify SNPs using a false discovery rate of 0.05, they highlighted some genes for further investigation. More recently, other studies on the genetics of brain structure implemented a genome-wide association of the volume in some sub-cortical regions, and successfully identified significant genetic variants 13, 14 . Additional efforts in the literature include the development of multivariate methods that aim at identifying the imaging-genetics associations through applying sparse canonical correlations, to adjust for similarity patterns between and within different clinical stages of the disease -an assumption which is hardly met 15 .
Connectomics 16 , or the study of the brain connectome, is a novel advancement in the field of neuroimaging. A structural or functional brain connectome is a representation of the brain, and its connections, as one network. The connectome comprises nodes representing different and distinct regions in the brain, and edges representing the functional or structural connection between brain regions. More specifically, the edges of a structural connectivity network are defined by the anatomical tracts connecting the brain regions 17 . Those are extracted from diffusion weighted imaging (DWI), a type of imaging which detects the diffusion of the water molecules in the brain. Furthermore, the connectome can be summarised by several global and local network metrics 17 which allow the study of the brain as one entity (one scalar value), the comparison of different groups of participants, as well as the study of variation between and within different brain regions. DWI is not the only method to represent structural connectivity. Structural connectivity can be defined by using T1 scans and voxel-based morphometry (VBM) 18 , a technique investigating structural tissue concentration, especially in gray matter (GM) . It has been demonstrated that the morphology across the brain is governed by covariation of gray matter density among different regions 19 . In this way a structural connectome is constructed defining the edges among brain regions as the correlation of GM morphology. This can complement the DWI approach which is mostly based on white matter. Of particular interest are covariability hubs, nodes of this network which have high degree centrality since they are the most representative of the overall cortex 19, 20 .
In an attempt to understand aging of the healthy brain, Wu et al. 21 carried out a longitudinal study of the structural connectome in healthy participants. Their analysis evaluated the association of the annual change in both the local and global network characteristics with age, but no genetic investigation was carried out in relation to those longitudinal features. In another study Jahanshad et al. 22 conducted a GWAS on dementia subjects using connectivity patterns as a phenotype, and identified the genetic variant rs2618516 located in the SPON1 gene; however, this study considered cross sectional phenotype, collected at one specific time point. VBM-based GWAS have also been carried out comparing AD and control subjects at one specific time point 23 , identifying the APOE gene and other SNPs related to ephrin receptor as markers strongly associated with multiple brain regions.
In this paper, we used a dataset from ADNI (http://adni.loni.usc.edu/) to perform four quantitative GWAS, with the longitudinal change in the brain connectome used as a phenotype. Our choice of using the ADNI dataset was because the particular combination of data types needed to run this analysis was available, in the context of AD. We used the absolute difference in the longitudinal integration and segregation global network metrics to represent the change in structural brain connectivity defined by tractography. After obtaining the GWAS summary statistics for all the SNPs typed in the original data, we aggregated their p-values using the PAthway SCoring ALgorithm (PASCAL) software 24 and computed genome-wide gene and pathway-scores. Our result identified a number of genes significantly associated with the change in structural brain connectivity, including ANTXR2, OR5L1, IGF1, ZDHHC12, ENDOG and JAK1. Most of those genes were previously reported to biologically manipulate the risk and progression of certain neurodegenerative disorders, including Alzheimer's disease [25] [26] [27] [28] . Additionally, we investigated whether there are additional changes in connectivity defined by GM covariability.
Results
Analysis pipelines. In this work, we used a longitudinal imaging dataset, combined with genetic variation information at the SNP-level. The sample consists of three groups which represent three distinct clinical stages of Alzheimer's disease. This includes healthy individuals (controls), Early mild cognitive impairment (MCI), and Alzheimer's disease. Aiming at studying the genetic effect on the longitudinal change in the brain structure for those groups, we conducted genome-wide tests of the associations between brain image features and different levels of genetic variations. These image features were derived from an intensive map of the brain's neural connections. The overall pipeline followed is summarized in Fig. 1 .
Descriptive statistics of brain imaging features. Using the DWI images at both baseline and a follow-up visit after 12 months, the brain connectome was constructed. We obtained four global network metrics, as explained in the Methods section. We chose network transitivity and Louvain modularity to represent network segregation, along with characteristic path length and weighted global efficiency to represent the brain integration 17 .
Each of these four metrics quantitatively represents the whole brain network as a single value. Supplementary  Fig. S1 illustrates both the distribution of the network metrics in the data, in the baseline and follow-up, for the three participant categories. The figure also shows the association patterns of the metrics. A similar figure that illustrates the distribution of the absolute difference between the baseline and follow-up metrics is shown in Supplementary Fig. S2 , it compares the three groups in each sub-figure. To determine how the differences between these connectivity metrics are distributed, we plotted four boxplots, as shown in Supplementary Fig. S3 , for the three groups combined.
To verify that the longitudinal change is consistent and not the result of artifacts, we initially compared the imaging features between the two-time points. Table 1 shows the results of the non-parametric Wilcoxon test between baseline and follow-up features. The test ranks the values of the paired measurements and compares their central values. In this test, we used the AD patients and controls, most of the metrics turned out to have significant longitudinal differences in the AD brain, but not in a healthy brain. Figure 2 compares the four metrics at the two time points, for each group individually, utilizing their boxplots.
We further investigated structural connectivity given by VBM, namely whether there is a structural covariability change in the gray matter. Before doing this, a traditional VBM analysis was carried out. In particular, we compared the AD against the control population at the two time points, and the two populations individually compared to themselves at the two time points. The differences between the groups were given by a t-test converted into corrected p-values 29 . Between the same populations at different time points no significant voxels were found, but comparing the two different populations, most of the brain regions were statistically significantly different. Figure 3 show the t-statistics map of these differences. In line with previous work 30 , we identified the peak of statistical difference between AD and control subjects in the hippocampus/parahippocampus, followed by the cingulate cortex and the temporal lobe at both time points. The hubs detection was conducted on the same segmented GM data used in the VBM analysis, and again no significant differences were noted within the same population comparing different time points. The average hubs index is reported in Fig. 4 , and supplementary The images were processed using distinct brain regions from the Automated Anatomical Labeling (AAL) atlas, and two structural connectomes were constructed for each participant at each time point. (c) Global connectivity metrics were computed, along with the absolute difference between the baseline and follow-up measures. (d) The latter were merged (as phenotypes) with the PLINK FAM files for all subjects present in both datasets. (e) All essential quality control procedures were performed before GWAS analysis, besides the quantile normalization of phenotypes. (f) GWAS was conducted using PLINK, and, (g) the resulting summary statistics were used by PASCAL software to calculate the gene-and pathway-scores accounting for LD patterns using a reference dataset.
www.nature.com/scientificreports www.nature.com/scientificreports/ Fig. S4 depicts the values averaged according to the ROIs of the AAL atlas, specifically showing the hubs index for the AD population at baseline and followup (similar results were obtained for the control population). Here, the highest values, in line with similar results of previous studies on healthy volunteers, were in the fronto-lateral cortex, cingolum 20 , and basal ganglia 19 . Given the fact that no statistical difference was found for longitudinal changes, both using the traditional VBM analysis and the cortical hubs, no feature of this kind was available for the integrated analysis, which was therefore focused on the structural connectivity given by the tractography. integrated analysis. After we obtained our phenotypes of interest, given by the longitudinal changes of the features between the two time points, we prepared our data for genome-wide association analysis (see Fig. 1 ) by first integrating the phenotypes and genotypes.
The necessary quality control procedures that precede GWAS analysis were run as explained in the Methods section. Briefly, they include cleaning the data such as removing all SNPs with small sample sizes, and individuals with relatedness, as well as population stratification correction. Figure 5 shows the plots after correcting for the population stratification. We quantile-normalised our phenotypes to allow the use of the linear model in GWAS.
Genome-wide association analysis. GWAS was conducted by regressing the normalised longitudinal changes of global connectivity metrics (response variable) on the SNPs' minor allele frequencies (independent variable), one Table 1 . Non-parametric Wilcoxon test of the difference between brain connectivity features at baseline and follow-up.
Figure 2.
Boxplots for global network metrics to compare AD and controls in the baseline (green) and follow-up (yellow). The metrics are, Louvain modularity (a), transitivity (b), global efficiency (c) and characteristic path length (d). It is evident that at least the means for the AD population are different while for the others they are generally unvaried. The asterisk denotes that there is a significant change from baseline to the follow-up visit (p-value < 0.05).
SNP at a time. Using PLINK 31 we conducted four quantitative GWAS -one for each network metric, after which we performed a Gaussian imputation of GWAS summary results. Figure 6 shows the imputed GWAS results for the change in brain segregation metrics. The Manhattan sub-plots appear on the left, while the corresponding quantile-quantile (qq)-plots are on the right. Figure 7 shows the imputed GWAS results for brain integration metrics. The x-axis of the Manhattan plot represents the physical location along the genome, while the y-axis is the (−log10(p-value)), and each dot represents a single SNP. In the qq-plots, the diagonal line represents the expected (under the null hypothesis) distribution of p-values, and similar to the Manhattan plot, each dot in the qq-plot represents a single SNP. The top 15 SNPs, including the significantly associated SNPs obtained after imputation of GWAS p-values for the absolute difference in Louvain modularity, transitivity, global efficiency and characteristic path length, are shown in Supplementary Tables S1-S4, respectively. The actual GWAS Manhattan plot for the absolute difference in segregation and integration metrics before imputation is provided in Supplementary Fig. S5 .
Gene and pathway scores. Using the imputed GWAS association results (p-values), we computed genome-wide gene scores, along with the pathway (gene set) scores, using the PASCAL software 24 . Figures 8 and 9 show the gene scores obtained for brain segregation and integration phenotypes, respectively.
Using the total number of genes in the human genome (20,000) we calculated the threshold. Therefore, we obtain the 5% gene-wide significance threshold by dividing the significance level by the total number of genes (or, tests), i.e., .
= .
= . − E 0 05 20,000 0 0000025 2 5 6, For each gene score result (and for both brain segregation and integration measures) we sorted our results and constructed a table of the top 30 genes ( Table 2 ). The table also shows the 5% and 10% significant genes.
In the pathway results obtained for each metric and each chromosome, the total number of pathways used at each step was 1078. Therefore, the 5% threshold is .
= . − e 0 000046382 4 6 5, while the 10% threshold is .
= . − e 0 000092764 9 28 5. The gene CDH18, contains 3974 SNPs as per the data, was significantly associated with Louvain modularity change over time (p-value ≈ 8.09). On chromosome 11 and chromosome 15, a number of genes were associated with the change in brain connectivity through transitivity, while chromosome 9 shows a number of significant association results with characteristic path length. Supplementary Table S5 reports all the significant results as well as the top 20 pathways along the whole genome and in all the four phenotypes. As shown in the table, REACTOME BIOLOGICAL OXIDATIONS pathway, which consists of genes involved in biological oxidationsat was significantly associated with the change in Louvain modularity at 5% significance level (p-value = 2.91E-5), on chromosome 10.
Discussion
Association studies of human genome variation and imaging features of the brain have led to new discoveries in AD disease susceptibility. Previous GWAS and Next Generation Sequencing (NGS) identified about 20 genetic loci risk factors associated with AD 32 . More recently, cross-sectional studies of GWAS of the brain connectome successfully identified correlations between genetic variants and both AD and dementia 22 . Incorporating imaging features in a longitudinal setting with genetic information facilitates the identification of additional genetic risk factors which affect AD progression 33 . Here, we aim to identify the genetic variations which associate with AD brain neurodegeneration over time. The latter is measured as the change in global network metrics of the brain connectome of three clinical stages of AD.
In this study, we examine the significance of the change in the global network metrics over time, through Wilcoxon test statistics (shown in Table 1 ). We tested the distribution of each metric before and after one year, and only the AD brain showed a difference, compared to controls. We proceeded with the analysis by conducting four quantitative genome-wide association tests, taking the absolute difference in the metrics of brain network integration and segregation as individual phenotypes. To our knowledge, this is the first study of its type, to compare longitudinal imaging features of the connectome to genetic information. These connectivity features were obtained from the structural connectomes defined by tractography. Structural connectomes derived by covariation of cortical morphology was investigated, however, no statistically significant difference at longitudinal level was detected. Despite the belief that covariation of cortical morphology is related to anatomical connectivity of white matter 34 , the technique was not able to detect longitudinal differences in the interval of observation, most likely because these differences are more visible in the "within-brain" connectivity given by tractography, as previously suggested 19 . Therefore, these features cannot be used to perform a GWAS focused on longitudinal changes. Nevertheless, previous GWAS focused on VBM features at one time point 23 found an association with the APOE gene and other SNPs related to the ephrin receptor, which are known to be correlated with the loci descried below.
In this data, Louvain modularity analysis identified the SNP rs144596626 (p-value = 2.68e-10), in the CDH18 locus, as the most significant SNP to manipulating changes in brain segregation (See Tables 2 and S1). The CDH18 gene encodes a cadherin that mediates calcium-dependent adhesion, playing an important role in forming the adheren junctions that bind cells. The gene is located on chromosome 5, and it is reported to be highly expressed specifically in the brain, with higher expression in different parts of the Central Nervous System (CNS), including middle temporal gyrus, cerebellum and frontal cortex 35 . The gene is associated with several neuropsychiatric disorders, as well as glioma, the most common CNV tumor among adults 36 . Looking at glioma cells, and through in vitro and in vivo functional experiments, Bai et al. 36 showed that CDH18 acts as a tumor suppressor through the downstream gene target UQCRC2, and suggested targeting CDH18 in glioma treatmen. Moreover, CDH18 was reported in a meta-analysis of depression personality trait association as the nearest gene to rs349475 37 .
On the other hand, the change in weighted global efficiency metric over time was significantly affected by the ANTXR2 gene in chromosome 4 (see Table 3 ), through the imputed SNP rs113323321 (p-value = .
− e 4 85 09) with imputation accuracy of 0.743. ANTXR2 or ANTXR cell adhesion molecule 2 (also known as HFS; ISH; JHF; CMG2; CMG-2) is well-known to be involved in the development of Hyaline fibromatosis syndrome (HFS) through certain mutations. HFS is a collection of rare recessive disorders forming an abnormal growth of hyalinized fibrous tissue; it affects under-skin regions on the scalp, ears, neck, face, hands, and feet. Some studies reported that ANTXR2 mutations manipulate the normal cell interactions with the extracellular matrix, and its deleterious mutations play an essential role in causing the allelic disorders Juvenile hyaline fibromatosis (JHF) and infantile systemic hyalinosis (ISH) 38, 39 . ANTXR2 interacts with the LRP6 (Low-Density Lipoprotein receptor-related protein 6) gene, which is located in chromosome 12, and is known for its genetic correlation with APOE. Together, their genetic variants, along with the alteration in Wnt β signalling, might be involved in the development of late-onset AD 25 . www.nature.com/scientificreports www.nature.com/scientificreports/ The segregation of the brain has shown a strong relationship with the olfactory receptor (OR) family 5 (specifically, OR5L1, OR5D13 and OR5D14 -see Table 2 ), located in chromosome 11, through the change in brain transitivity metric. The OR act together with the odorant molecules in the nose to produce a neuronal response that recognizes smell 40 .
Our findings also suggest that the weighted global efficiency change over time significantly associates with the insulin-like growth factor 1 (IGF1) gene, as shown in Table 2 . A previous study in mouse brain suggests neuroprotection in a mouse model can be obtained through chronic combination therapy with EPO + IGF-I and cooperative activation of phosphatidylinositol 3-kinase/Akt/GSK-3beta signaling. However, they did not test their model in humans 26 . At 10% significance level, we identified additional genes associated with Alzheimer's brain segregation and integration alterations. The gene ZDHHC12 (zinc finger DHHC-type containing 12), as with many others in chromosome 9 -including LOC100506100, ENDOG, TBC1D13 and C9orf114 (p-value = .
− E 3 76839713 6, .
− E 4 175 6, . − E 4 186 6 and . − E 4 507 6, respectively) showed a significant score (p-value = 4.607E-6) in association with the change in characteristic path length (see Table 2 ). In an in vitro experiment 41 , showed that ZDHHC12 was able to alter amyloid β-protein precursor (APP) metabolism, and that the failure of AID/DHHC-12 to regulate the transportation or generation of APP in the neurons might result in the early development of AD 27, 42 also reported the role of Endonuclease G (ENDOG) in mediating the pathogenesis of neurotoxicity and striatal neuron death, through exposing the striatal neurons in mouse with Human immunodeficiency virus-1 (HIV-1) Tat 1−72 .
Located in chromosome 1, Janus kinase 1 (Jak1) shows a significant association with the change in transitivity metric. The same phenotype was also reported with other significant gene scores at 10% significance level ( Table 2 ) such as the proteasome subunit alpha 4 (PSMA4) on chromosome 15, AGPHD1, CHRNA5 and IREB2 (see Fig. 8 ). The dysregulation of the inter-cellular JAK-STAT signaling pathway, which activates Jak1 and the Janus kinase protein family, is at the core of neurodegenerative diseases and other brain disorders 28 . JAK2/STAT3 activation, in particular, was illustrated to protect the neuron, while alteration of the same pathway might play a role in developing neurodegenerative diseases.
We compared our results to previously identified genetic variants in association with Alzheimer's (specifically SNPs), all genetic variants with p-values less than 0.01, in all global network metrics, are summarised in Table 4 . We retrieved the AD SNP list from Ensembl Biomart online software 43 . Our study reported rs6026398 (β = −0.6496, p-value = 0.000814) to be the most significant SNP associated with the change in brain segregation through Louvain modularity. The threshold we set here is . 0 05 1324 , as we tested a total of 1324 pathways, though none of the SNPs passed that threshold. Our explanation for this is that variants might play a significant role in developing AD, but do not contribute that much to its progression over time. A way to take this forward is to target all genes known to affect AD susceptibility and test, in a longitudinal study design, which of them contribute to the progression of Alzheimer's disease through the imaging features. Another recommendation is to consider studying the longitudinal association and consider whether any genetic variant has a biased contribution in different brain regions.
One of the main disadvantages of this work is the sample size. We suspect the underestimation that appears in our initial GWAS results for all four phenotypes excluding transitivity, is due to sample size (Fig. S5) . In a larger sample, our result is expected to be more robust and to unveil more variants. However, to some extent, GWAS summary statistics imputation ( Figs. 6 and 7) and PASCAL (8 and 9) improved this and unmasked some associations. It is worthwhile mentioning that, in this analysis, we used all the ADNI samples which satisfy our selection criteria. We also considered looking at other datasets (e.g UKBiobank and ENIGMA) but there was no data that matched our specific combination of factors required.
Another concern here, is that our sample size was not sufficient to estimate the genetic correlation and heritability of our phenotypes. Most of the heritability estimation methods requires large sample sizes (at least ≈ 5k samples [44] [45] [46] ) to yield robust estimates. Besides increasing the sample size, a good practice would be considering more time-points and studying the effect of genes in a survival analysis study design. In this work, we looked at www.nature.com/scientificreports www.nature.com/scientificreports/ the genetic variations taken at one time-point, and converted the longitudinal imaging information into a single measurement to study their association. A possible future focus would be to incorporate clinical and environmental factors such as hypertension and dementia score as well as the gene-gene and gene-environment interactions.
In summary, we conducted a longitudinal study and proposed a fast and straightforward way to quantify changes in the brain connectome through global connectivity measures of (1) segregation, through Louvain modularity and transitivity, and (2) integration. For the latter, we used two metrics including the characteristic path length and the weighted global efficiency. We conducted a genome-wide analysis, starting with four quantitative GWAS, regressing the pre-mentioned global network metric on all SNPs, and then computed the gene scores by aggregating the GWAS summary statistics at a gene-wide level. In the ADNI sample we used here, and at a power of 95%, despite the small sample size we identified significant SNPs and genes. The Louvain modularity change was affected by the ANTXR2 gene, while through transitivity, the change in brain connectivity is associated with OR5L1, OR5D13 and OR5LD14. On the other hand, the integration of the brain is affected by IGF1. A greater understanding of the genetic contribution and relationship of these genes and their effect over time through targeted studies, might facilitate the development of drug therapy to reduce the disease progression.
Methods

Datasets. Our analysis was conducted on the Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset
publicly available at (adni.loni.usc.edu). The initiative was launched in 2003 as a public-private partnership, led by Principal Investigator Michael W. Weiner, MD (see www.adni-info.org for updates). To match the aim of our study, we combined two types of ADNI datasets:
(1) DWI volumes was taken at two-time points, at the baseline and after 12 months (we refer to this as follow-up). In this set, we used a cohort comprised of 31 Alzheimer's disease patients (age: 76.5 ± 7.4 years), and 49 healthy elderly subjects (77.0 ± 5.1) matched by age, as well as 57 MCI subjects (age: 75.34 ± 5.93). (2) The PLINK binary files (BED/BIM/FAM) genotypic data for AD, controls and Early MCI.
The DWI and T1-weighted were obtained by using a GE Signa scanner 3 T (General Electric, Milwaukee, WI, USA). The T1-weighted scans were acquired with voxel size = . × . × . 1 2 1 0 1 0 mm 3 TR = 6.984 ms; TE = 2.848 ms; flip angle = 11°). DWI were acquired at voxel size = . × . × . 1 4 1 4 2 7 mm 3 , scan time = 9 min, and 46 volumes (5 T2-weighted images with no diffusion sensitization b0 and 41 diffusion-weighted images b = 1000 s/mm 2 ).
Preprocessing of diffusion imaging data. Imaging data have T1 and DWI co-registered. To obtain the connectome; the AAL atlas 47 is registered to the T1 volume of reference by using linear registration with 12 degrees of freedom. Despite the fact that the AAL atlas has been criticized for functional connectivity studies 48 . it has been useful in providing insights in neuroscience and physiology and it is believed to be sufficient for our case study centered on global metrics. Tractographies for all subjects were generated processing DWI data with the Python library Dipy 49 . In particular, the constant solid angle model was used 50 , and a deterministic algorithm called Euler Delta Crossings 49 was used stemming from 2,000,000 seed-points and stopping when the fractional anisotropy was smaller than <0.2. Tracts shorter than 30 mm, or in which a sharp angle (larger than 75°) occurred, were discarded. To construct the connectome, the graph nodes were determined using the 90 regions in the AAL atlas. Specifically, the structural connectome was built as a binary representation when more than 3 connections were given between two regions, for any pair of regions.
Preprocessing for the gray matter analysis. The data for gray matter (GM) analysis were obtained from the T1 volumes of the same subjects. The data have been preprocessed following the optimized VBM protocol from FSL 51 . Briefly, volumes have the skull stripped, bias field corrected, then are iteratively registered to a generated template in the MNI space, and have the GM segmented. During the last iteration, data are non-linearly registered to the generated template. The FSL-VBM protocol also introduces a compensation for the contraction/ enlargement due to the non-linear component of the transformation: each voxel of each registered grey matter image is multiplied by the Jacobian of the warp field.
Brain connectivity metrics. To assess longitudinal changes, we evaluated the following global network metrics at the two time points, at the baseline and follow-up. We then computed the absolute difference between the two measures, at each of the network metrics.
To be in line with previous work on AD and connectomics 22, 52, 53 , we focused on specific network segregation and integration features. Segregation represents the ability of a network to form communities/clusters which are well-organized 54 , while, integration represents the network's ability to propagate information efficiently 54 .
(1) Louvain modularity is a community (cluster) detection method, which iteratively transforms the network into a set of communities; each consisting of a group of nodes. Louvain modularity uses a two-step modularity optimization 17 . First, the method optimizes the modularity locally and forms communities of nodes, and secondly, it constructs a new network. The nodes of the new network are the communities formed in the previous step. These two steps are repeated iteratively until maximum modularity is obtained, and a hierarchy of communities is formed. For weighted graphs, Louvain modularity is defined as in Eq. 1.
where A ij is the weight of the edge connecting nodes i and j from the adjacency matrix A, k i and k j are the sums of weights of the edges connected to node i and j. respectively, m = 1/(2A ij ), c i and c j are the communities of nodes i and j, and δ is a simple delta function. (2) Transitivity also quantifies the segregation of a network, and is computed at a global network level as the total of all the clustering coefficients around each node in the network. It reflects the overall prevalence of clustered connectivity in a network 17 . Transitivity is mathematically defined by Eq. 2.
where t i W is the weighted geometric mean of triangles around node i, and k i its degree. (3) Weighted Global Efficiency is a network integration feature, and represents how effectively the information is exchanged over a network. This feature can be calculated as the inverse of the average weighted shortest path length in the network, as shown in Eq. 3. 
where, d ij be the number of links (connections) which represent the shortest path between node i and j. An illustrative example of global network connectivity metrics is shown in Fig. 10 , the figure consists of a segregated (left) and integration (right) network.
Gray matter analysis.
Connectivity from the GM point of view is defined by the anatomical areas which covary in thickness or volume across the overall brain. Ultimately, the analysis uses another network property given by a hub index described later. Before proceeding with this analysis, a more traditional VBM pipeline was www.nature.com/scientificreports www.nature.com/scientificreports/ run 29 : The method, called "randomise", performs a permutation test for the general linear model. It allows one to compare voxelwise two populations. T-statistics and corrected p-values are then computed. The comparison was carried out within the same populations (AD and control) at the two different time-points, and comparing AD against control subjects.
GM connectivity analysis follows these steps: the GM segmented and registered volumes are further subdivided into cubes of 3 × 3 × 3 voxels which now represent nodes of a network. In this way, each network has on average 6614 nodes. Edges are defined by using the Pearson correlation r jim computed between two nodes/ subvolumes v j and v m each time 20 : where v j , v m are the cubes' mean values, and auto-correlations are set to zero. In the attempt to reduce false positives and with the aim of considering only hubs, once the connectivity matrices are constructed, these are binarized according to a threshold. We set this threshold as 2 standard deviations above the mean, though other more sophisticated threshold choices exist 19, 20 . Then, for each node, the degree of connectivity is computed by summing the binarized connections. In this way only the highly connected nodes (hubs) are defined. Lastly, values are averaged first according to the ROIs of the AAL atlas, and then for the populations at different time points. Like for the traditional VBM analysis, given the GM hubs defined at two time points we were interested in seeing whether connectivity changes occur within the interval of observations, and whether those are related to the other types of structural connectivity and gene expression.
integration of the two datasets. To quantify the longitudinal change in brain connectivity, we calculated the absolute difference between the baseline and follow-up for each brain connectivity metric. We then merged the absolute differences with the PLINK fam file, matching the two datasets by the subject ID.
Quality control. Quality control: individuals. After merging the two datasets into PLINK files, we performed some quality control procedures. First, we applied quality control at individual-level and removed all poor samples, which were identified using PLINK software and the following criteria:
(1) Sex-check -here we identified all samples with ambiguous sex and removed them. We used the flag -check-sex. (2) Identifying all the individuals with missing genotype data with the flag -missing. This is to check the missingness rate of genotype information for each individual. In our data, the percentage of missingness for all individuals fell within the range (0.002834, 0.00544), since all subjects passed the threshold of 10% missingness. (3) We then identified Related Subjects (with Identity By Descent (IBD) >20%), all subjects had IBD between 0.00 and 0.0526. We used a number of PLINK flags, including; -indep-pairwise 50 5 0.2, -extract, -genome, -min and -genome-full
After applying those quality control steps, we had a total of 57 subjects remaining for the rest of the analysis.
Quality control: genotypes. We ran quality control on the genotypes, by filtering them in terms of their minor allele frequency (MAF) with a threshold of 0.01. All SNPs with less than this threshold are considered rare Figure 10 . An illustrative figure of brain segregation (left) and brain integration (right). In these two figures we have the same nodes and network structure. The brain segregation represents the ability to form sub-networks as the communities on the left figures, while the integration of the brain measures the act of bringing together the different part of the brain as one connected entity, as the thick lines on the right figure.
SNPs and were removed from the analysis. We also removed all SNPs that had missingness more than 33.33 or Genotype Call Rate <66.67% -this was done in such a way that keeps only SNPs with sample size no less than 38. In addition, SNPs which deviate from the Hardy-Weinberg Equilibrium (HWE) were removed, these are SNPs that have p-values of less than 5e-7 in the HWE test 55 (in total 351 SNPs did not satisfy the HWE). We used the flags, -maf, -geno and -hwe, and in total 7111195 SNPs remained.
Quality control correcting for population stratification. In this quality control step, we checked for the multiple presence of subpopulations in our sample. This is to make sure if we find significant variants, that the differences in allele frequencies is due to the trait under study and controls for the different ethnic groups. Population stratification helps to avoid false positives 56 . Using multiple ancestry reference genotypic information, we compared the genotypes of each study sample and estimated its ancestry with the Multi-Dimensional Scaling (MDS) analysis 57 .
We observed that most of our samples belong to the Caucasian population (CEU) and therefore, proceeded by only selecting the Caucasian samples in our study. In Fig. 5 , we show the genotypes of our samples compared with the reference data after the population stratification correction. We included all 57 samples as all belong to the CEU (Caucasian) ancestry. All previous quality control procedures used here followed the ENIGMA protocol 57 .
The genetic reference population used here contains 13,479,643 variants that were observed more than once in the European population. These reference data were obtained by ENIGMA from the 1KGP reference set (phase 1 release v3), and imputed.
Quantile normalisation of phenotypes. Supplemenrary Figs. S2 and S3 indicate that our phenotypes are not symmetrically distributed, and there are potential outliers. Linear models assume asymmetric distribution of the response variable. Therefore, to allow the use of linear models and conduct quantitative GWAS for our traits, we first had to normalize our phenotypes. Here, we used PLINK2 58 (www.cog-genomics.org/plink/2.0/) to perform a quantile normalization 59 on our phenotypes, using the flag -quantile-normalized.
integrated data analysis. Genome-wide association analysis. We performed four quantitative GWAS separately using PLINK software 31 (http://pngu.mgh.harvard.edu/purcell/plink/). A GWAS for each network connectivity metric measured as the absolute difference between the baseline and follow-up was performed with 57 individuals, and a total of 7111195 SNPs.
Statistical thresholds. To correct for multiple testing in this analysis, and unless otherwise stated, we rely on the Bonferroni correction 60,61 , using the simple equation below:
where M is the number of tests, and α is the desired significance level. The p-values are then compared with the threshold α ⁎ .
Imputation of GWAS results. More quality control was done before the imputation of GWAS summary statistics using the Functionally-informed Z-score Imputation (FIZI) python tool (https://pypi.org/project/pyfizi/, https:// github.com/bogdanlab/fizi). Using the munge function, 4763 SNPs with duplicated rs numbers and 85757 SNPs with N < 38.0 were removed with a remaining number of 6792416 SNPs. We then imputed the summary statistics with ImpG-Summary -Imputation from summary statistics algorithm 62 . In this step, we relied on the European 1000 Genomes 63 haplotypes as a reference panel and performed the Gaussian imputation with FIZI. We managed to impute an additional 2222623 SNPs.
Gene-wide scores and pathway analysis. After we obtained the GWAS association results, we used them as input for the PASCAL software 24 to aggregate SNPs at a gene level, and hence, compute gene scores for the four network measures. Along with the obtained association statistics PASCAL uses a reference population from the 1000 Genomes Project to correct for linkage disequilibrium (LD) between SNPs. We set PASCAL to compute the gene score as well as the pathway scores, according to the max of chi-square statistics. We got a p-value for each gene, and for each gene set (or, pathway) provided that there were SNPs presents for that gene. Finally, we used Python to plot the Manhattan plot, and R studio 64 to plot the qq-plots. All steps are summarized in the pipeline shown in Fig. 1 .
Data and code availability
The data used in this work is available at the ADNI repository (http://adni.loni.usc.edu/). The used code is publicly available at the url https://github.com/elssam/GWAS-BCCAD.
